Many studies on coauthorship networks focus on network topology and network statistical mechanics. This article takes a different approach by studying micro-level network properties, with the aim to apply centrality measures to impact analysis. Using coauthorship data from 16 journals in the field of library and information science (LIS) with a time span of twenty years (1988)(1989)(1990)(1991)(1992)(1993)(1994)(1995)(1996)(1997)(1998)(1999)(2000)(2001)(2002)(2003)(2004)(2005)(2006)(2007), we construct an evolving coauthorship network and calculate four centrality measures (closeness, betweenness, degree and PageRank) for authors in this network. We find out that the four centrality measures are significantly correlated with citation counts. We also discuss the usability of centrality measures in author ranking, and suggest that centrality measures can be useful indicators for impact analysis.
Introduction
Social network analysis has developed as a specialty in parallel with scientometrics since the 1970s, examples as Hubbell's measure of sociometric status, Bonacich and Freeman's measure of centrality, Coleman's measure of power, and Burt's measure of prestige (Friedkin, 1991) . The last decade has witnessed a new movement in the study of social networks, with the main focus moving from the analysis of small networks to those with thousands or millions vertices, and with a renewed attention to the topology and dynamics of networks (Newman, 2001a) . This new approach has been driven largely by the improved computing technologies which allow us to gather and analyze data in large scales, which makes it possible to uncover the generic properties of social networks (Albert & Barabási, 2002) .
Coauthorship network, an important form of social network, has been intensively studied in this movement (Newman, 2001a; Newman, 2001b; Barabási, Jeong, Neda, Ravasz, Schubert, & Vicsek, 2002; Nascimento, Sander & Pound, 2003; Kretschmer, 2004; Liu, Bollen, Nelson, & Sompel, 2005; Yin, Kretschmer, Hanneman, & Liu, 2006; Vidgen, Henneberg, & Naude, 2007; Rodriguez & Pepe, 2008) . Most of these researches focus on macro-level network properties, which informs us about the "likely performance of the social structure that arises out of the physics of its connections; the actors embedded in the network may well be completely unaware of this structure" (Yin et al., 2006 (Yin et al., , p. 1600 , such as mean distance, clustering coefficient, component and degree distribution; yet not enough attention is paid to micro-level structure, which informs us about "the differential constraints and opportunities facing individual actors that shape their social behavior" (p. 1600), such as the power, stratification, ranking, and inequality in social structures (Wasserman & Faust, 1994) . This article shows an example of studying microlevel structure by applying centrality measures to coauthorship network. Using twenty years (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) data from 16 journals in the field of library and information science, we construct an evolving coauthorship network, with the focus of testing the usability of centrality measures in impact analysis.
Backgrounds
Centrality analysis is not new to sociology. In a ground laying piece, Freeman (1977) developed a set of measures of centrality based on betweenness. In a follow-up article, Freeman (1979) elaborated four concepts of centrality in a social network, which have since been further developed into degree centrality, closeness centrality, betweenness centrality, and eigenvector centrality. Some influential research on this topic includes: the relationship between centrality and power (Hackman, 1985; Bonacich, 1987; Ibarra, 1993; Ibarra & Andrews, 1993) , relationship between salience and psychological centrality (Stryker & Serpe, 1994) , centrality on choices and behaviors (Verplanken & Holland, 2002) , centrality within family (Crosbieburnett, 1984) , organization networks (Boje & Whetten, 1981; Paullay, Alliger, & Stoneromero, 1994) , groups and classes (Everett & Borgatti, 1999) , as well as classroom social positions (Farmer & Rodkin, 1996) . Centrality has also been applied to journal impact analysis. Using journal data from Institute for Scientific Information (ISI), Bollen, Rodriguez, and Van De Sompel demonstrated how a weighted version of the popular PageRank algorithm can be used to obtain a metric that reflects prestige. They contrasted the rankings of journals according to ISI impact factor and weighted PageRank, and discovered that they both significant overlaps and differences. Leydesdorff (2007) applied betweenness centrality to 7,379 journals included in the Journal Citation Reports, and found that betweenness centrality is shown to be an indicator of the interdisciplinarity of journals. Dellavalle, Schilling, Rodriguez, Van de Sompel, and Bollen (2007) studied dermatology journals using weighted PageRank algorithm which assigned greater weight to citations originating in more frequently cited journals. They found that the weighted PageRank algorithm provided a more refined measure of journal status and changes relative dermatology journal rankings.
As for coauthorship networks, several articles have also applied centrality measures to coauthorship network analysis. Mutschke (2003) employed centrality to the coauthorship network of digital libraries research. Liu et al. (2005) applied centrality analysis to coauthorship of Joint Conference on Digital Libraries (JCDL) research community, and compared three kinds of centrality measures with the ranking of JCDL program committee membership, and discovered that betweenness centrality performed best among the three centrality measures. Estrada and Rodriguez-Velazquez (2005) proposed a new centrality measure that characterizes the participation of each node in all subgraphs in a network. They found that this centrality displayed useful and desirable properties, such as clear ranking of nodes and scale-free characteristics. Chen (2006) used betweenness centrality to highlight potential pivotal points of paradigm shift of scientific literature over time. Yin et al. (2006) applied three centrality measures to COLLNET community coauthorship network. Vidgen, Henneberg, and Naude (2007) applied five centrality measures (degree, betweenness, closeness, eigenvector, flow betweenness, and structural holes) to rank information system community. Similarly, Liu et al. (2007) applied betweenness centrality to the weighted coauthorship network of nature science research in China. These articles applied centrality measures to bibliometric analysis; some stepped further in ranking the authors through different centrality measures and compared them with bibliometric measures (Liu et al., 2005; Yin et al., 2006) . But they did not elaborate the relation of centrality with citation for author ranking, or the usability of centrality in author's impact evaluation. In this article, we try to fill this gap by constructing an evolving coauthorship network and verifying the usability of centrality measures in scientific evaluation, and discussing its strengths and limitations.
Methodology

Centrality Measures
In this study, we apply three classic centrality measures (degree centrality, closeness centrality and betweenness centrality) and PageRank to the coauthorship network.
Degree centrality. Degree centrality equals to the number of ties that a vertex has with other vertices. The equation of it is as following where
Generally, vertices with higher degree or more connections are more central to the structure and tend to have a greater capacity to influence others. For some authors with high degree, it is because they co-authored with many authors in a single paper, rather than coauthored in many papers.
PageRank. PageRank is initially proposed by Page and Brin (1998) , who developed a method for assigning a universal rank to web pages based on a weight-propagation algorithm called PageRank. A page has high rank if the sum of the ranks of its backlinks is high. This idea is captured in the PageRank formula as follows:
where N is the total number of pages on the Web, d is a damping factor, C(p) is the outdegree of p, and denotes the inlinks of p. Thus, PageRank is actually the directed weighted degree centrality.
Closeness centrality. A more sophisticated centrality measure is closeness (Freeman, 1979) which emphasizes the distance of a vertex to all others in the network by focusing on the geodesic distance from each vertex to all others. Closeness can be regarded as a measure of how long it will take information to spread from a given vertex to others in the network (Yin et al., 2006) . Closeness centrality focuses on the extensivity of influence over the entire network. In the following equation, ) ( C c i n is the closeness centrality, and ) , ( In social networks, vertices with high betweenness are the brokers and connectors who bring others together (Yin et al., 2006) . Being between means that a vertex has the ability to control the flow of knowledge between most others. Individuals with high betweenness are the pivots in the network knowledge flowing. The vertices with highest betweenness also result in the largest increase in typical distance between others when they are removed.
Data processing
We choose the top 16 leading LIS journals based on ratings by deans and directors of North American programs accredited by the ALA (Nisonger & Davis, 2005) We download the twenty-year data of these 16 journals from the database of Web of Science. There are 22,380 documents in all, in which we just focus on articles and review articles, and the number for them is 10,344 (54 anonymous articles are excluded).
Results and analysis
An overview
After downloading the data from the ISI Web of Science, we extract the coauthorship network through Network Workbench (NWB, 2006) . Since some authors used middle name initials for some of their papers, while not for the other papers. We combine the same authors manually by their affiliation information (e.g. we combine Meho, L and Meho, LI into one author in the network), and export the network to Pajek in gaining the largest component, mean distance, largest distance and clustering coefficient, showing in TABLE 1. There are 10,579 authors in this network, in which average author writes 2.40 papers, average paper has 1.80 authors, and average author collaborate with 2.24 authors. These are relatively low values comparing to the coauthorship networks of biology and physics constructed by Newman (2001b) , who found that papers per author, authors per paper, and average collaborators for biology coauthorship network are 6.4, 3.75 and 18.1, and for physics coauthorship network the values are 5.1, 2.53 and 9.7. This is due to two factors: first, library and information scientists are less collaborative than biologists and physicists. In our data set, only 39 authors have collaborated with more than 18 authors, which is the median number of collaborators for biology coauthorship network. Second, biologists and physicists tend to collaborate more frequently and more widely due to their research requirements. It is not unusual for papers published on biological journals to have more than 10 authors, but this is quite rare for LIS articles. TABLE 2 shows the accumulative distribution of papers and authors. the mean distance of the neuro-science coauthorship network decreased from 10 in 1991 to 6 in 1998. However, the mean distance of the LIS coauthorship increases from 2.49 in 1992 to 9.68 in 2007. The discrepancy is due to the fact that more new authors are involved in this field each year, but their collaboration pattern is simple and collaboration scope is limited comparing to neuroscience. Although LIS is increasingly becoming more collaborative, yet it has not arrived at its "phase transition" (Barabási, 2003) where authors collaborate with each other much more frequently and more widely, and from the perspective of network analysis, the mean distance will decrease after that phase.
Applying centrality measures to author ranking
Historically, most research on coauthorship network analysis focuses on overall topology of networks, whereas few researches has been done to discover individual properties, fewer on the relationship between citations and centrality measures. In this study, we calculate four centrality measures for authors in the largest component through Pajek. The frequency of betweenness centrality, degree centrality, and PageRank follows powerlaw distribution where most authors have low centrality values while a few authors have high centrality values. On the other hand, the distribution of closeness centrality follows the normal curve. The power-law distribution of degree centrality also indicates that this coauthorship network has scale-free character (Barabási & Albert, 1999) : the relationship between degree and its frequency probability matches the curve:
1.1788 .
, with =0.9186. This result is also consistent with Price's network of citations (Price, 1965) . He quoted a value of α = 2.5 to 3 for the exponent of his network. Other relevant researches on scale-free network also confirmed Price's assumption (Newman, 2003) . TABLE 4 through TABLE 7 show the top 30 authors based on closeness centrality, betweenness centrality, degree centrality, and PageRank calculated with the coauthorship network of 1988-1992, 1988-1997, 1988-2002, and 1988-2007 respectively. Authors appeared consecutively in the four time slices are marked in bold font, and authors appeared in three time slices are marked with italic font. Rank 1988 -1992 1988 -1997 1988 -2002 1988 -2007 Rank 1988 -1992 1988 -1997 1988 -2002 1988 -2007 Rank 1988 -1992 1988 -1997 1988 -2002 1988 -2007 Rank 1988 -1992 1988 -1997 1988 -2002 1988 -2007 Rank 1988 -1992 1988 -1997 1988 -2002 1988 -2007 Rank 1988 -1992 1988 -1997 1988 -2002 1988 -2007 Rank 1988 -1992 1988 -1997 1988 -2002 1988 -2007 Rank 1988 -1992 1988 -1997 1988 -2002 1988 -2007 A few authors are consecutively highly ranked through all four time slices between 1988 and 2007. Examples are closeness centrality for Willett, P (1-1-5-2: 1st in 1988-1992, 1st in 1988-1997, 5th in 1988-1997, and 2nd in 1988-2007 , the same for rest such format), betweenness centrality for Willett, P (1-3-5-1), betweenness centrality for Borgman, CL (12-9-3-18), betweenness centrality for Rousseau, R (8-5-13-6), degree centrality and PageRank for Willett, P (1-1-2-2; 1-1-2-3), degree centrality and PageRank for Rousseau, R (3-2-1-1; 3-3-1-2), degree centrality and PageRank for Lancaster, FW (4-3-6-8; 2-2-4-8). The twenty years are "golden ages" for these authors: they collaborated frequently (for degree centrality), productively (for PageRank), widely (for closeness centrality), and diversely (for betweenness centrality).
Some authors collaborate more actively in recent years. Spink, A only published one article in 1988-1992 (in this data set), and as a result her centrality for that time slice ranked low, only 224 for closeness centrality, and 797 for degree centrality. Nevertheless, in recent 15 years, she published 53 articles (in this data set), and collaborated with 34 authors, the trends of closeness centrality and degree centrality for her are 224-43-1-1 and 797-105-5-4. Similar situations can also be applied to Ellis, D (closeness centrality: 2054-5-2-3), Saracevic, T (closeness centrality: 170-6-17-12; betweenness centrality: 47-6-17-12), Losee, RM (closeness centrality: 313-11-4-10), Cronin, B (degree centrality: 62-10-11-12), Moed, HF (degree centrality: 175-15-12-13), Fox, EA (degree centrality: 410-14-30-15), Oppenheim, C (PageRank: NA-12-3-1), Leydesdorff, , and Morris, A (PageRank: 44-21-14-13).
Meanwhile, some authors are less collaborative in this field in recent years. Most LIS articles Rada, R published are around 1985-1995; after 1995, his publications are more frequently appeared in computer science journals. Thus, his degree centrality and PageRank is decreasing since then: 2-4-9-1198 for degree centrality and 5-4-11-1850 for PageRank. Most articles Wood, EF published are in the 80s and 90s, and as a result, his centrality rankings are on the decline: 2-3-28-28 for closeness centrality, 3-14-54-168 for betweenness centrality, 6-12-26-69 for degree centrality, and 4-11-26-40 for PageRank. Other examples include Cringean, JK (closeness centrality: 4-7-51-37), Lunin, LF (betweenness centrality: 2-13-137-890), Naldi, F (degree centrality: 8-17-40-532).
A new "force" also rises in this field. Typical example is Thelwall, M: all of his articles are published after 2000, and thus he does not have centrality values for first two time slices and very low values for 1988-2002. Nevertheless, his centrality for 1988-2007 is quite high; all of them are in the top 30: 13th for closeness centrality, 11th for betweenness centrality, 10th for degree centrality, and 16th for PageRank. Other examples include Kelly, D (degree centrality: NA-NA-328-29), Tang, R (closeness centrality: NA-NA-350-24; betweenness centrality: NA-NA-123-17). We can expect that these authors will play a more important role in this field in the coming years. TABLE 8 shows some discrepancies within the rankings of citations and centrality measures. The most obvious one is that the 7 most cited authors have very low centrality rankings. This is due to the fact that they have limited number of papers in our data set (9, 7, 5, 2, 1, 1, and 1 respectively); however, these papers are quite highly cited (Deerwester, S, Dumais, ST, Landauer, TK, Furnas, GW and Harshman, R coauthored a paper been citied 1275 times; Salton, G and Buckley, C coauthored two papers which have been cited 906 and 328 times). As a result, they have very few collaborators (7, 7, 10, 6, 4, 4 , and 4 respectively) and most of them are not cut-points (Nooy, Mrvar, & Batagelj, 2005) , and accordingly they are in the periphery of the coauthorship network. Some less obvious instances including Ingwersen, P, Jansen, BJ, Marchionini, G and so on, although their centrality rankings correspond to their citation rankings, yet only a portion of their publications are incorporated in our data set, which may affect their ranking results. From FIG. 3 we can discover that the overall distribution of the ranking of citation counts matches that of centrality measures, which is in accordance with the results shown in Spearman's correlations. Rankings of PageRank, degree centrality and betweenness centrality correlate with each other more precisely; while rankings of citation counts and closeness centrality have some inconsistent values.
Discussion and Conclusion
The evolving coauthorship network is effective in revealing the dynamic collaboration patterns of authors. The different positions authors belong to at each time slice reflect the collaboration trend of authors. We find that some authors are consecutively highly ranked in all time periods, indicating that these they are on the "plateau" of their academic career; comparatively, some authors are on the rise in this field while some are faded out.
We also verify the correlation between citation and centrality. We find that all the four centrality measures are significantly correlated with citation counts, whereas some inconsistencies occur. The discrepancy can be interpreted from two perspectives. First, citations and centralities measure different contents. Although the motivation for citation varies, citation counts measure the quality and impact of articles (Garfield & Sher, 1963; Frost, 1979; Lawani & Bayer, 1983; Baird & Oppenheim, 1994) . While centrality measures both article impact and author's field impact. Degree centrality measures author's collaboration scope, closeness centrality measures author's position and virtual distance with others in the field, and betweenness centrality measures author's importance to other authors' virtual communication. Hence, centrality has its value in impact evaluation, since it integrates both article impact and author's field impact. Their relationship can be illustrated in FIG. 4. 
FIG. 4. Relation between citation and centrality
The quality of an article is subjective, yet we can measure it indirectly through article impact which can be quantified by citation counts. Similar to article quality, author's field reputation is also difficult to assess, but we can measure it through social capital (Burt, 1980; Burt, 2002; Cronin & Shaw, 2002) . Accordingly, centrality measures integrate both article impactcitation counts and author's field impact-social capital, as displayed in FIG. 4 .
Another factor contributed to these discrepancies is the limitations inherent to current algorithm of centrality measures. Authors from papers coauthored by multiple authors have high degree centrality. This may be magnified when coauthored with many authors. For instance, if a paper is coauthored by 10 authors, each of these authors would have a degree centrality of 9. This is equivalent to 45 papers if they were coauthored by just two authors. It is obvious that they have quite different academic impacts. Closeness centrality is a measure of network property rather than a direct measure of academic impact. Any author coauthoring an article with authors having high closeness centrality would also result in a high closeness centrality; however, this author may have little academic impact. Authors involved in interdisciplinary research would have a high betweenness centrality even through their role in this specific discipline may not be that significant. Centrality measures will be much more useful and valuable if these drawbacks have been eliminated.
In fact, some scholars have already embarked on this. Newman (2005) proposed a new betweenness measure that includes contributions from essentially all paths between nodes, not just the shortest, and meanwhile giving more weight to short paths. Brandes (2008) introduced variants of betweenness measures, as endpoint betweenness, proxies betweenness, and bounded distance betweenness. Liu et al. (2005) defined AuthorRank, a modification of PageRank which considers link weight. Other work aiming at improving PageRank in the context of author ranking includes Sidiropoulos and Manolopoulos (2005) , and Fiala, Rousselot and Ježek (2008) .
In future studies, it will be necessary to improve the algorithm of centrality measure, and utilize their strength in improving the current impact evaluation. Potentially, it is possible and necessary to apply centrality measures to other social networks (e.g. co-citation networks), and add semantics to them (e.g. Mesur Ontology and SWRC Ontology), and thus construct a systematic model for evaluation indicators.
